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Abstract
We study the effects of social influences in opinion dynamics. In particular,
we define a simple model, based on the majority rule voting, in order to con-
sider the role of conformity. Conformity is a central issue in social psychology
as it represents one of peoples behaviors that emerges as a result of their in-
teractions. The proposed model represents agents, arranged in a network
and provided with an individual behavior, that change opinion in function of
those of their neighbors. In particular, agents can behave as conformists or
as nonconformists. In the former case, agents change opinion in accordance
with the majority of their social circle (i.e., their neighbors); in the latter
case, they do the opposite, i.e., they take the minority opinion. Moreover,
we investigate the nonconformity both on a global and on a local perspec-
tive, i.e., in relation to the whole population and to the social circle of each
nonconformist agent, respectively. We perform a computational study of the
proposed model, with the aim to observe if and how the conformity affects
the related outcomes. Moreover, we want to investigate whether it is possible
to achieve some kind of equilibrium, or of order, during the evolution of the
system. Results highlight that the amount of nonconformist agents in the
population plays a central role in these dynamics. In particular, conformist
agents play the role of stabilizers in fully-connected networks, whereas the
opposite happens in complex networks. Furthermore, by analyzing complex
topologies of the agent network, we found that in the presence of radical
nonconformist agents the topology of the system has a prominent role; oth-
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erwise it does not matter since we observed that a conformist behavior is
almost always more convenient. Finally, we analyze the results of the model
by considering that agents can change also their behavior over time, i.e.,
conformists can become nonconformists and vice versa.
Keywords:
opinion dynamics, majority rule voting, agent-based models
1. Introduction
During last years opinion dynamics1 2 have been investigated by several
authors. Just to cite a few, Galam introduced many sociophysics models3 4 5
as, for instance, a spin model for studying the dynamics of majority rules6
that, later on, has been further developed by Krapivsky and Redner7, Holme
and Newman analyzed the opinion spreading in terms of a nonequilibrium
phase transition8, and Bianconi and collaborators proposed a model to con-
sider the role of social networks in these dynamics9. The voter model10
represents one of the most famous models of opinion dynamics. Usually, this
model considers a set of interacting agents, provided with a state that rep-
resents their opinion. In so doing, it is possible to perform computational
studies to analyze the evolution toward consensus in the presence of differ-
ent opinions. Agent-based models allow to study interesting phenomena in
opinion dynamics (see for instance11 12 13) or, more in general, in social dy-
namics14 15 16. We put our attention on the majority rule voting5 from a
socio-psychological perspective17. Social psychology provides fundamental
theories to study interactions among individuals in social contexts, for in-
stance see22. In this work, we analyze the role of conformity, an important
behavior of individuals17 that emerges as result of their interactions, by a
simple model based on the majority rule voting. In the proposed model,
we consider a system with only two opinions (i.e., two possible states) and
we provide agents with an individual behavior; in particular, they can be
conformists or nonconformists (i.e., contrarians). Conformist agents take the
opinion of the majority of their neighbors, whereas the nonconformist agents
do the opposite. As discussed in18, the contrarian effects have an important
role in the voter model (see also19 20 21) and they can also explain complex
phenomena in real electoral dynamics. We analyze the nonconformity under
two different hypotheses, i.e., a local nonconformity and a global nonconfor-
mity. The former is a behavior related only to the social circle of each agent,
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but not to the whole population. This concept means that a nonconformist
agent takes the minority opinion of its social circle (i.e., its neighbors), but
it prefers to have the same opinion of majority of the population. Instead,
the global nonconformity is more radical, as it assumes that nonconformist
agents aim to have an opinion contrarian also to that of the majority of the
population. We perform a computational study of the proposed model by
considering different conditions, as the topology of the agent network and
the density of nonconformist agents in the population. Moreover, we analyze
the system by allowing agents to change behavior over time. In particular, at
each time step, agents decide whether to be conformists or nonconformists,
depending on the comparison between their state and that of the majority
of the population, and to their current behavior. The main result is that
conformity is an important behavior in these dynamics as it strongly affects
the outcomes of the proposed model. Furthermore, we found important dif-
ferences between the outcomes achieved by varying the topology of the agent
network if a radical nonconformity is considered; otherwise, with different
topologies, the outcomes are always very similar. The remainder of the pa-
per is organized as follows: Section 2 introduces the model for studying the
role of conformity. Section 3 shows results of numerical simulations. Even-
tually, Section 4 ends the paper.
2. Conformists versus Non-Conformists
We introduce a simple model of opinion dynamics where agents interact
over a network. Agents have an opinion, mapped to a state s = ±1 (i.e.,
there are two possible opinions) and, in addition, they are provided with an
individual behavior. In particular, an agent can be conformist or noncon-
formist. Conformist agents modify their state (i.e., opinion) according to the
majority of their neighbors, whereas nonconformist ones do the opposite, i.e.,
they take the minority opinion. Therefore, conformist agents change state
over time as follows:
si(t+ 1) =

+1 if
∑ni
j=1 sj(t) > 0
−1 if ∑nij=1 sj(t) < 0
si(t) if
∑ni
j=1 sj(t) = 0
(1)
with si(t) state of the ith agent at time t, n
i number of neighbors of the ith
agent and sj(t) state of the jth agent, linked with the ith agent. On the
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other hand, nonconformist agents follow an opposite rule for changing their
state:
si(t+ 1) =

+1 if
∑ni
j=1 sj(t) < 0
−1 if ∑nij=1 sj(t) > 0
si(t) if
∑ni
j=1 sj(t) = 0
(2)
In so doing, at each time step, agents compute the new state depending
on their behavior and on the opinion of their social circle. Figure 1 shows
an example of the proposed model. Furthermore, agents achieve a score
Figure 1: A small network of conformist agents (i.e., green nodes) and nonconformist
agents (i.e., yellow nodes). The inner numbers represent the state of agents at time t,
whereas the red numbers represent the state of agents at time t+ 1.
computed by comparing their state s(t) with that of the whole system S(t),
defined as S(t) =
∑N
i=1 si(t) (i.e., the total sum of states). In particular, we
define two different kinds of scores: the local score P and the global scores
(P c, P a). These scores allow to consider two different hypotheses:
a) The nonconformity is related only to the social circle of each (noncon-
formist) agent, but all agents prefer to have a state in accordance with
that of majority of the whole population (i.e., S(t));
b) The nonconformity is related to the whole population, therefore non-
conformist agents aim to get a state opposed to that of majority of the
whole population.
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The conceptual difference between these two hypotheses is that, using the
first one we consider that the nonconformity behavior has a local dimension,
whereas by the second one the nonconformity behavior is more radical as it
is related to the whole population. Therefore, under the hypothesis a, agents
increase their local score P every time their state is in accordance with the
value of S(t) (i.e., both values are positive or negative). For instance, in the
event the jth agent has the state sj(t) = −1 and the summation of states
is equal to S(t) = −120, its Pj increases of +1; otherwise it decreases (of
−1) or, in the event S(t) = 0, its local score does not change. On the other
hand, considering the hypothesis b, we adopt the global scores (P c, P a), with
P c defined for nonconformist agents, and P a for conformist ones. The score
P a increases when the state s(t) of a conformist agent is in accordance with
S(t), whereas it decreases in the opposite case. On the contrary, the score P c
increases when the state s(t) of a nonconformist agent is opposite to S(t) (and
it decreases when it is in accordance with S(t)). A state s(t) in accordance
with that of the majority of the population means that s(t) and S(t) have
the same sign, whereas on the contrary, an opposite state means that s(t)
and S(t) have not the same sign. As for the local score P , the increasing
and the decreasing of global scores (P c, P a), at each time step, is equal to
+1 and −1, respectively. Moreover (P c, P a) do not change if S(t) = 0. In
general, as discussed before, the local score P allows to evaluate whether
it is more advantageous to behave as a conformist or as a nonconformist
agent considering, as hypothesis, that the nonconformist behavior is related
only the the social circle of each agent. Instead, the global scores (P c, P a)
allow to evaluate whether nonconformist agents obtain benefits by having a
more radical behavior in relation to the whole population. Summarizing, the
proposed model can be described as follows:
1. Define a network with N agents provided with a random state ±1 and
with a behavior (i.e., conformist or nonconformist);
2. At each time step, every jth agent computes the summation of states of
its social circle (Sj(t)). Therefore, it changes its state sj(t) in function
both of its behavior and of the value Sj(t): in the event the jth agent
is conformist, it changes its state in accordance with Sj(t) whereas, if it
is nonconformist, it changes its state to the opposite of Sj(t). In both
cases, if Sj(t) = 0, the state of the jth agent does not change;
3. The system evolves until a steady-state is reached (or a maximum num-
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ber of time steps is elapsed).
Finally, we introduce a small variation of the proposed model in order to let
agents to change also their behavior over time. Also in this case, we consider
the two hypotheses, i.e., a and b, about the nonconformist behavior. Under
the hypothesis a, the following rule holds: at each time step, agents compare
their state s(t) with the total summation S(t); in the event s(t) and S(t)
have a different sign they change behavior. Instead, considering the second
hypothesis (i.e., b), the rule to let agents change behavior is defined as follows:
at each time step, a nonconformist agent changes behavior if its state is in
accordance with S(t), whereas it does not in the opposite case. On the other
hand, a conformist agent becomes a nonconformist one if its state is not in
accordance with S(t), whereas its behavior does not change in the opposite
circumstance. In particular, a conformist agent becomes a nonconformist
one, at time t + 1, if its state s(t) is not in accordance with S(t), whereas a
nonconformist agent becomes a conformist one (at time t+ 1) if its state s(t)
is in accordance with S(t). This variation of the model allows to observe if
agents find more convenient to behave as conformists or as nonconformists
over time, considering the two levels of nonconformity defined above (i.e.,
the two hypotheses a and b).
3. Simulations
We perform numerical simulations of the proposed model in a simple fully-
connected agent network and, later on, we consider more complex topologies
as scale-free networks and small-world networks. Scale-free networks have
been generated by the Barabasi-Albert model23, whereas small-world net-
works by the Watts-Strogatz model24. In particular, to generate small-world
networks, we started from a 2-dimensional regular lattice with 6 neighbors
per node, then we rewired with probability β = 0.1 each edge at random. At
t = 0, each agent has a state that can be −1 or +1 both with probability 0.5
hence, on average, at the beginning the two opinions are equally assigned in
the population. The parameter of control is the density of conformist agents
in the population ρa. Varying the value of ρa, it is possible to compare the
outcomes of the proposed model achieved by a different initial condition (i.e.,
the value of ρa). In our hypothesis (and also according to theories of social-
psychology), varying the value of ρa the evolution of the system should be
strongly affected. Eventually, we perform simulations by allowing agents to
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change their behavior, i.e., from conformist to nonconformist, and vice versa.
Therefore, in this last case, the parameter of control is ρa(0), i.e., the density
of conformist agents at time t = 0.
3.1. Fully-Connected Agent Network
The first analysis is performed by using a fully-connected network with
N = 1000 agents. Figure 2 shows the summation of states S(t), in the
whole population over time, varying ρa. In all cases, at each time step, the
value of S(t) oscillates between two values Smax and Smin. It is interesting
to note that, as ρa increases the difference between Smax and Smin (i.e.,
∆S) decreases, falling almost to zero for ρa = 1. Therefore, under this
configuration of the system, the density of conformist agents strongly affects
the outcomes of the proposed model. In this kind of models, an important
Figure 2: On the left, the variation of S(t) in fully-connected networks. On the right,
the difference between the maximum and the minimum value of S(t), indicated as ∆S,
varying ρa. Results are averaged over 20 different realizations.
value to be analyzed is the average magnetization < M > of the system, i.e.,
the dierence in the density of agents in the two states25 –see Figure 3. In
general, we found small differences between the number of agents with the
two opinions. Hence, it seems that the value of ρa does not affect the average
magnetization of the system, i.e., there is not any relation between ρa and
< M >.
3.2. Complex Agent Networks
As discussed above, we analyze the proposed model by using more com-
plex topologies of the agent network, i.e., scale-free networks and small-world
7
Figure 3: On the left, number of agents in the two states, codified by two colors. The
cyan represents the number of agents having the predominant opinion, whereas the red
that of agents with the other opinion. On the right the average magnetization < M > of
the system in function of ρa. Results are averaged over 20 different realizations.
networks. Both kinds of complex networks have been generated with N = 104
agents and with an average degree 〈k〉 = 6. As shown in Figure 4, the evolu-
tion of the system, in terms of the summation of states S(t), is similar in both
agent networks. In general, S(t) fluctuates around an average value that is
positive in the event there are a few conformist agents, whereas it fluctuates
around zero (or around lightly negative values) as the amount of conformist
agents (i.e., ρa) increases. It is worth to highlight that, in scale-free networks,
the S(t) reaches a global maximum during first time steps for ρa < 0.25.
In particular, S(t) has a rapid increase, indicating that a great fraction of
agents changes its state to +1, followed by a decrease of S(t) up to a small
positive average value. As before, we analyze the average magnetization of
the system in these two kinds of agent network –see Figure 5. Although on
a quality level, the values of the average magnetization are similar in both
kinds of complex networks, they are very different quantitatively. In partic-
ular, as panels a and c of Figure 5 show, there is a higher difference between
agents having a different opinion in scale-free networks than in small-world
networks.
Conformists vs Non-Conformists
In order to compare the two different agents’ behaviors, we use the scores
defined above. In particular, the local score P to evaluate the system under
the hypothesis a (related to the nature of nonconformity), and the global
8
Figure 4: On the left, the variation of S(t) in scale-free networks. On the right, the
variation of S(t) in small-world networks. Each curve refers to results achieved varying ρa
as indicated in the legend. Results are averaged over 20 different realizations.
scores (P c, P a) to evaluate the system under the hypothesis b, i.e., by con-
sidering a radical nonconformity. Hence, varying the amount of conformist
agents in the population, and considering both complex topologies (i.e., scale-
free and small-world networks), we start analyzing the value of 〈P 〉 over time
–see Figure 6. In general, results show that, according to 〈P 〉, it is more con-
venient to behave as a nonconformist agent, with the exception of the cases
where ρa → 1 (we recall that such information is not known by agents).
On the contrary, by analyzing the global scores P c and P a, we observe that
in scale-free networks is more convenient to behave as a conformist for low
values and for high values of ρa, whereas is slightly more convenient to be
a nonconformist for intermediate values of ρa. Instead, in small-world net-
works, it is more convenient to be a nonconformist, with the exception of
intermediate values of ρa –see Figure 7.
Then, considering the global scores (P c, P a), it is worth to highlight the
differences between these two network topologies.
3.3. The Behavior as a Degree of Freedom
Now, we analyze the proposed model considering the behavior as a de-
gree of freedom, i.e., conformist agents can become nonconformist ones, and
vice versa, over time. Similar mechanisms have already been investigated
in26,27. In this analysis, agents have been arranged in scale-free networks
and in small-world networks, therefore we consider only complex topologies
of the agent network. The variation of S(t), i.e., the summation of states
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Figure 5: a and c represent the number of agents in the two states (codified by two colors),
in scale-free networks and in small-world networks, respectively. In particular, the cyan
represents the number of agents having the predominant opinion, whereas the red that of
agents with the other opinion. b and d represent the average magnetization of the system,
in function of ρa, in scale-free networks and in small-world networks, respectively. Results
are averaged over 20 different realizations.
in the whole population over time, is shown in Figure 8. It is interesting
to note that, although we used two very different network topologies, the
related outcomes are substantially very similar. In particular, the value of
S(t) is positive only for a low initial density of conformist agents (i.e., ρa(0)).
Since, in principle, each agent can modify its behavior many times during
the evolution of the system, we analyze the number of changes (defined as
jumps) from one behavior to another one over time, in the two kinds of
complex networks –see Figure 9. On a quality level, once again, there are
not strong differences between the two network topologies as, in each case,
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Figure 6: Value of the average scores 〈P 〉, over time, achieved by conformist agents (P (c))
and nonconformist agents (P (a)) varying ρa. On the left, results achieved in scale-free
networks. On the right results achieved in small-world networks. Results are averaged
over 20 different realizations.
Figure 7: Value of the average scores P c and P a (normalized over the relative number of
conformist and nonconformist agents) over time, varying the value of ρa, i.e., the density of
conformist agents. On the left, results achieved in scale-free networks. On the right results
achieved in small-world networks. Results are averaged over 20 different realizations.
the number of jumps from one behavior to another one rapidly decreases in
a few time steps (∼ 10). The number of jumps decreases, almost linearly
in a double logarithmic scale, until it reaches a steady-state. The latter is
characterized by the presence of a few agents that modify the behavior also
after many time steps. On the other hand, it is worth to highlight that the
number of jumps J , once the steady-state is reached, is higher in scale-free
networks than in small-world networks. Therefore, a quantitative difference
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Figure 8: Summation of states S(t) over time, in the whole population of agents. Each
curve refers to a different population containing, at t = 0, a fraction ρa of conformist agents
(see the legend). On the left, results achieved in scale-free networks. On the right results
achieved in small-world networks. Results are averaged over 20 different realizations.
can be found between the two network topologies. Then, as shown in Fig-
ure 10, we analyze the average magnetization of the system. The average
magnetization 〈M〉 is lightly higher in small-world networks than in scale-
free networks. Moreover, we note that, in both network topologies, 〈M〉 has
higher values for extreme for values of ρa(0) (i.e., lower than 0.25 or higher
than 0.75), whereas it decreases as ρa(0) has intermediate values (from 0.25
to 0.75). Eventually, we study the transition between agents’ behaviors. Re-
sults achieved by considering jumps driven by the hypothesis a are shown in
Figure 11. In general, these results illustrate that agents find more conve-
nient to behave as nonconformists, even if there are a lot of conformist agents
at time t = 0. Figure 12 shows results achieved by considering that jumps
are driven by the hypothesis b. We highlight that, by considering the second
hypothesis, the densities of conformist and nonconformist agents, reached at
the steady-state (after ∼ 10 time steps), do not depend neither on the value
of ρa(0) nor on the topology of the agent network.
3.4. Discussion
We study a simple model of opinion dynamics with the aim to analyze
the role of social influences. In particular, we consider the conformity, a be-
havior deemed relevant in these dynamics by social psychologists. In the pro-
posed model, agents have a state that represents their opinion, and they are
also endowed with an individual behavior, i.e., conformist or nonconformist.
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Figure 9: Number of jumps J from one behavior to another one (i.e., from conformist to
nonconformist and vice versa) over time, in function of the initial density of conformist
agents ρa. a Number of jumps from nonconformist to conformist in scale-free networks.
b Number of jumps from conformist to nonconformist in scale-free networks. c Number
of jumps from nonconformist to conformist in small-world networks. d Number of jumps
from conformist to nonconformist in small-world networks. Results are averaged over 20
different realizations.
Moreover, we consider a system with only two opinions, hence agents have a
state equal to ±1 that can vary over time. In particular, at each time step,
agents compute their state s(t) in function of those of their neighbors, and
also considering their individual behavior. Then, conformist agents modify
their state according to the majority opinion of their social circle, whereas
nonconformist agents do the opposite. Since, we consider two levels of non-
conformity, i.e., a local nonconformity (i.e., hypothesis a) and a global non-
conformity (i.e., hypothesis b), we define two different kinds of score: the
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Figure 10: a and c represent the number of agents in the two states, codified by two colors,
in scale-free networks and in small-world networks, respectively. In particular, the cyan
represents the number of agents having the predominant opinion, whereas the red that of
agents with the other opinion. b and d represent the average magnetization of the system,
in function of ρa, in scale-free networks and in small-world networks, respectively. Results
are averaged over 20 different realizations.
local score P (related to the hypothesis a) and the global scores (P c, P a)
(related to the hypothesis b). We recall that under the hypothesis a, the
nonconformity has a local dimension as it is related only to the social circle
of each agent, whereas under the hypothesis b the conformity has a global
dimension as it is related to the whole population. Hence, during the evolu-
tion of the system, agents aim to maximize their scores. The local score (i.e.,
P ) is computed by comparing the state s(t) of each agent with summation of
states in the population S(t). In particular, in the event an agent has a state
equal to that of the majority of the population, its P increases by +1, other-
14
Figure 11: Density of nonconformist agents (i.e., ρc) and of conformist agents (i.e., ρa)
over time, varying the initial density ρa(0). Jumps between the two behaviors are driven
by the first hypothesis (i.e., a), i.e., nonconformist agents behave as such only in relation
to their social circle, but not in relation to the whole population. a Results achieved in
scale-free networks. a Results achieved in small-world networks. Results are averaged over
20 different realizations.
Figure 12: Density of nonconformist agents (i.e., ρc) and of conformist agents (i.e., ρa)
over time, varying the initial density ρa(0). Jumps between the two behaviors are driven
by the second hypothesis (i.e., b), i.e., nonconformist agents behave as such in relation
to the whole population. a Results achieved in scale-free networks. a Results achieved in
small-world networks. Results are averaged over 20 different realizations.
wise it decreases (by −1). The value of P does not change only if S(t) = 0.
Instead, the global scores (P c, P a) are computed in function of the summa-
tion of states S(t), but considering a more radical nonconformist behavior
(hypothesis b). In particular, a nonconformist agent increases its score P c in
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the event its state s(t) is opposite to S(t), and it decreases when s(t) is in ac-
cordance with S(t); with the same logic, a conformist agent increases its score
P a in the event its state s(t) is in accordance with S(t), and it decreases in
the opposite case. As for the local score, also the global scores do not change
if S(t) = 0. Global scores allow to evaluate the convenience of behaving as a
conformist agent or not, from a more radical perspective. A first analysis of
the proposed model has been performed on fully-connected agent networks.
The main result of numerical simulations, under this simple configuration,
is that the density of conformist agents strongly affects the outcomes of the
proposed model. In particular, it is interesting to observe that as ρa increases
the system has a more stable behavior over time, i.e., the standard devia-
tion of S(t) falls to zero since first time steps (see left panel of Figure 2).
Then, further investigations have been performed by arranging agents in
more complex topologies, as scale-free and small-world networks. Observing
the variation of S(t) (i.e., the summation of states in the population) over
time, it is worth to highlight that the two different topologies of the agent
network yield similar outcomes. In particular, the value of S(t) reaches, in
both cases, a steady-state characterized by small fluctuations around a small
average value (see figure 4). This latter is usually positive, with the excep-
tion of systems having a high density of conformist agents in the population.
The variation of S(t) over time shows a critical behavior, during first time
steps, in scale-free agent networks when the density of conformist agents is
very low (< 0.25). In particular, we observe a rapid increase of S(t) followed
by a decrease, until the steady-state is reached. We hypothesize that this
behavior, not observed in small-world networks, is due to the presence of a
few hubs (i.e., nodes with a very high degree which characterize the scale-free
structure) that, at the beginning, strongly affect a great fraction of nodes.
In particular, recalling that this phenomenon is achieved for a low density of
conformist agents, it is more likely that many hubs be nonconformist agents.
It is worth to observe that we found a great difference in the behavior of the
system between fully-connected networks and complex networks. In partic-
ular, as discussed before, as ρa increases in fully-connected networks as the
system is more stable, whereas in both scale-free and small-world networks,
after a steady-state is reached, the system seems more stable with low values
of ρa. On the other hand, by considering the average magnetization of the
system, we found a difference between the two topologies of the agent net-
work. In particular, the value of 〈M〉 is smaller in small-word networks than
in scale-free networks. This result indicates that the two opinions tend to
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be distributed more uniformly in small-world networks. The analysis of the
scores provides further information about the proposed model. In particular,
as shown in figure 6, agents achieve a higher local score when they behave
as nonconformists, with the exception of populations characterized by the
presence of many conformist agents. Considering the global scores (P c, P a)
we found that, when agents are arranged on scale-free networks, the con-
formist behavior is more convenient for low and high values of ρa, whereas
the nonconformist behavior is slightly more convenient for intermediate val-
ues of ρa. On the other hand, in small-world networks it is more convenient
to behave as a nonconformist agent, with the exception of intermediate val-
ues of ρa. Therefore, in scale-free networks conformist agents often have a
different state from that of the majority of the population, whereas this cir-
cumstance is more sporadic in small-world networks. Finally, we analyzed
the system allowing agents to change both their opinion and their behavior.
In particular, at each time step each agent decides whether to behave as
conformist or as a nonconformist. It is interesting to note that, by this new
condition (i.e., the variation of behavior over time), the values of the aver-
age magnetization of the system are different from those achieved before. In
particular, it is interesting to observe that 〈M〉 is now higher in small-world
networks than in scale-free networks and, moreover, the values of 〈M〉 are
higher by letting agents change behavior than in the opposite case (i.e., with
unchangeable behaviors). Furthermore, we define two different rules to let
agents decide which behavior is more appropriate to be adopted. The first
rule is based on the hypothesis a about the nonconformist behavior, whereas
the second rule is defined according to the hypothesis b. In general, results
achieved by the utilization of the first rule indicate that, after a few time
steps, almost all agents behave as nonconformist ones in both kinds of the
agent network. The number of changes from one behavior to another one,
shown in Figure 9, confirms that a great fraction of agents decides its be-
havior during first time steps, whereas later only a few agents still perform
jumps (we recall that by the term jump we mean change of behavior). In the
event the density of conformist agents is very high (i.e., 0.75), in scale-free
networks, a small fraction of agents behave as conformist over time. On the
other hand, considering the second rule to drive the jumps, we observe that a
small fraction of conformist agents is always present regardless of the initial
density of conformist agents or the topology of the agent network. There-
fore, a few conformist agents can always survive in the system only if their
nonconformist behavior is radical, then related to the whole population (i.e.,
17
hypothesis b). As recalled in the introduction, the studying of the role of
nonconformity has been already performed by other authors. In particular,
in the work19, although this problem has been analyzed in a different way, as
conclusion authors state that nonconformity plays a significant role in opin-
ion dynamics, in a full accordance with our observations. It is important
to note that both in19 and in20, authors identify two different kinds of non-
conformity, i.e., anticonformity and independence; in the proposed model we
consider the role of nonconformity in terms of anticonformity. Furthermore,
we identify two different levels of nonconformity, one related to the social
circle of each agent (i.e., a local nonconformity) and one related to the whole
population (i.e., a global nonconformity).
4. Conclusions
In this work, we study the role of social influences in opinion dynamics
focusing our attention on the conformity, an important social behavior de-
scribed by social psychologists. We propose an agent-based model, where a
population is composed of conformist and nonconformist agents. Each agent,
according to its individual behavior (i.e., conformist or nonconformist), de-
fines its opinion in function of to those of its neighbors. In particular, con-
formist agents define their opinion according to that of the majority of their
neighbors; instead, nonconformist agents do the opposite, i.e., they prefer
to adopt the contrarian opinion. We introduce two different levels of non-
conformity: one related to the social circle of each agent and one related to
the whole population. The difference is that, in the former case, although
nonconformist agents assume the contrarian opinion of their neighbors, they
prefer to have the same opinion of the majority of agents in the whole popula-
tion. Hence, the nonconformist behavior has only a local dimension. Instead,
in the second case, nonconformist agents assume the contrarian opinion of
their neighbors, but they prefer also to have an opinion different from that
of the majority of the population. In doing so, the nonconformist behavior
is more radical as it is not limited to the social circle of each agent (i.e., it
has a global dimension). These two different levels of nonconformity require
two different tools to analyze the evolution of the system. In particular, we
introduce two kinds of scores that each agent aims to increase over time,
i.e., the local score and the global scores. The local score considers the non-
conformity only in relation to the social circle of each agent, whereas the
global scores are related to the nonconformity extended to the whole popu-
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lation. Hence, the name assigned to the scores, i.e., local and global, are in
accordance with the two levels of nonconformity which they refer to. Results
of numerical simulations clearly show that the conformity is an important
character that affects these dynamics (as it happens in real scenarios). Ob-
serving the evolution of the system in terms of summation of states, in all
cases (i.e., varying the density of conformist agents) a steady-state is reached.
The most interesting difference between the implemented complex topologies
of the agent network is that, considering the global scores, often it is better
to behave as a conformist agent in scale-free networks, whereas often it is
better to behave as a nonconformist agent in small-world networks. On the
other hand, considering the local score it is almost always more convenient to
behave as a nonconformist agent. Furthermore, in the case agents can change
also their behavior over time, a greater fraction of agents always prefers to
behave as nonconformist regardless of the topology of the agent network.
Therefore, from this point of view, it is important to highlight that the net-
work topology does not always has a prominent role. On the other hand, we
found a great difference when comparing the behavior of the proposed model
between fully-connected networks and complex networks. In particular, we
observed that in fully-connected networks conformist agents have the role of
stabilizers, i.e., as their amount increases the system is more stable from the
first time steps. Instead, in complex networks the opposite happens, i.e., in
the presence of small fractions of conformist agents, after the steady-state
is reached, the system is more stable than by introducing more conformists.
Finally, from a socio-psychological perspective, the results achieved by the
proposed model confirm the importance of the conformity. Moreover, since
we found some differences among the outcomes achieved by introducing the
two levels of conformity (i.e., local or related to the social circle, and global
or related to the whole population), we deem useful that these differences
be investigated also in real scenarios as they could lead to new interesting
results also in social sciences.
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